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Abstract. Link prediction is an important task in Social Network Analysis. The present paper addresses predicting the emergence of 

future relationships among nodes in a social network. Our study focuses on a strategy of learning automata for link prediction in weighted 

social networks. In this paper, we try to estimate the weight of each test link directly from the weights information in the network. To do 

so, we take advantage of using learning automata, intelligent tools that try to learn the optimal action based on reinforcement signals. In 

the method proposed here, there exist one learning automata for each test link that must be predicted and each learning automata tries to 

learn the true weight of the corresponding link based on the weight of links in the current network. All learning automata iteratively select 

their action as the weight of corresponding links. The set of learning automata actions will then be used to calculate the weight of training 

links and each learning automata will be rewarded or punished according to its influence upon the true weight estimating of the training 

set. A final prediction is then performed based on the estimated weights. Our preliminary link prediction experiments with co-authorship 

and email networks have provided satisfactory results when weights are considered. 
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I. Introduction 
The advancement of the internet has provided better chances of collaboration and interaction among people and organizations. The 

advancement has paved the way for the emergence of social networks over the internet which is nowadays very popular. A social network 

can be formally shown as a graph, where the vertices represent people or organizations, and the connecting edges indicate social 

connections. Social Network Analysis (SNA) is a vast area of research dealing with techniques and strategies for the study of social 

networks (1). The analysis and knowledge of networks widely employed to understand the behavior of a community (1) (2). SNA gives 

us opportunities and benefits in different areas like marketing, economics, health, sociology and safety (2). Link prediction is one of the 

main tasks undertaken by SNA. The task is concerned with the problem of predicting the prospective existence of relationships among 

nodes in a network, based on patterns observed in the existing nodes and relations. Link prediction can help us make out the mechanisms 

that trigger the evolution in a social network and it can be applied to many application areas. For instance, in the area of Internet and web 

science, it can be used in tasks such as automatic web hyper-link creation (3) as well as web site hyper-link prediction (4). In e-commerce, 

one of the most prevalent usages of link prediction is to build recommendation systems (5) (6). It also finds various applications in other 

scientific fields. For example in bibliography and library science, it can be tapped for de-duplication (7) as well as record linkage (8). In 

bioinformatics, nevertheless, it has been used in protein-protein interaction (PPI) prediction (9). In security-related areas, it can be applied 

to identify hidden groups of terrorists and criminals (2). The literature shows various strategies and approaches to treating this problem 

(10) (11). In general, the most widely used techniques are based on one of three approaches, namely: structural measures or patterns in 

the network; the similarity between nodes (content and/or semantics of the nodes); probabilistic models. These approaches will be briefly 

explained in section II. 

Weighted networks are a kind of social network in which each link has a weight that indicates the strength of the corresponding link (1). 
Link prediction in such networks is required to adapt the current methods such as adopting the similarity metric based link prediction to 

consider weights in the network. But in this area, there are some researches that show the strong links are important in link prediction 

(12). On the other hand, there are studies that show weak links are important in the link prediction (13). So, in this research, we will try 

to estimate the weight of each test link directly from the links weight information in the network. To do so, we use learning automata, 

intelligent tools that try to learn the optimal action based on the reinforcement signal.  

A learning automata (LA) is an adaptive decision-making unit that tries to learn the optimal action from a set of allowable actions by 

interacting with a random environment (14). Within each step, an LA selects an action from its action-set. Action selection in the learning 

automata is based on a probability distribution over the action set. The selected action is applied to the environment, after which a 

reinforcement signal is produced by the environment. The learning automata update the probability distribution of its actions according 



to both reinforcement signal and a learning algorithm. Then it will choose an action once more. These steps are repeated until the automata 

converge to some action. 

In the proposed method there exist one learning automata for each link that must be predicted, and each LA tries to learn the true weight 

of the corresponding link according to the current network’s links weight information. We also partition the network links in two sets: 

the training set that we use for training LAs, and the test set that must be predicted. In each iteration of the proposed algorithm, each LA 

chooses a weight as its action. After choosing actions, we will have a weighed network of the test links. Now, we define some metrics to 

calculate the weight of the training set using these new weights. After calculating the weight of the training set from the weights of the 

test set, we generate a reinforcement signal for each LA based on its influence on the true weight estimation of the training set, and each 

LA updates its action probability distribution according to its reinforcement signal. After estimating the weight of test links, we sort them 

by their weights and predict the existence/absence of each link based on its weight. Our experiments demonstrate that link prediction in 

the proposed method out-performs other link prediction methods. 

Section II briefly discusses the link prediction problem and related works in the weighted network. Section III will then present the 

used weighted similarity metrics for calculating the weight of links from the weights information in the network. Section IV 

reviews learning automata briefly. After that, section V leads through the proposed algorithm and procedures for weighted link 

prediction problem based on learning automata. Section VI brings the experiments and obtained results to a conclusion. 

II. Link Prediction 
A classic definition of the link prediction problem is expressed by: “Given a snapshot of a social network at time t, we seek to accurately 

predict the edges that will be added to the network during the interval from time t to a given future time t+1” (1). The most widespread 

approach to the problem is to explore the topological/structural patterns from the social network of interest (15), (16). Different metrics 

to describe node pairs have already been adopted in previous works, including for example the number of common neighbors, the path 

distance between the two nodes, Jaccard’s coefficient, and the Adamic-Adar coefficient, among others (17), (1), (16). Such metrics 

explore structural patterns of the network and commonly provide a degree of proximity/similarity between the nodes. The used metrics 

can be either local (limited to the direct neighbors of nodes) or global (covering the entire network). As previously mentioned, the starting 

point in these techniques is to extract the values/scores of different metrics that represent the proximity of pairs of nodes. Then, the 

obtained data are processed to build a model which can predict the hidden links or links that will appear in the future. 

The node-wise similarity based approach searches appropriate measures of similarity between two nodes according to the content and/or 

semantics they present (17). Each node on the network can be represented as a vector of features. The more similar two nodes are in 

terms of their particular attributes, the more likely they are to relate. Cosine coefficient, mutual information, and Dice coefficient are 

examples of techniques used in this approach. 

The approaches that are based on probabilistic models aim to learn the best probabilistic model that abstracts the network information. 

The basic idea here is to create the model through a set of parameters 𝜃, given the observed social network G= (V, E). The existence of 

the link between the pair of nodes x and y is estimated by the conditional probability P(e(x,y)| 𝜃). This approach examines the elements 

of the network with the help of relational data models and it enables us to encapsulate relevant information from nodes relationships. 

Relational Markov Networks and Relational Bayesian Networks are two examples of models dealt with in this approach.  

With regard to link prediction considering structural patterns, pairs of non-connected nodes are at first ranked according to a chosen 

metric (for instance, the number of common neighbors) (15), (16). Then, the top L ranked pairs are assigned as predicted links. To put it 

another way, it is always assumed that links that have the highest scores are most likely to occur. 

We should underline here that earlier works in supervised link prediction consider metrics computed for unweighted social networks. In 

this type of network, the strength of relationships is not taken into account (only their existence is considered) (17). In the rest of this 

section, we go on to review related link prediction methods in weighted social networks: 

In (18) a supervised machine learning strategy for link prediction in the weighted network is proposed. The method uses link weights that 

express the "strength" of relationships. Here, the results of supervised prediction on a co-authorship network revealed satisfactory results 

when weights were taken into account. 

Reference (12) indicates that link prediction based on graph proximity measures fits open and dynamic online social networks. It proffers 

new weighted graph proximity measures for link prediction of social networks. The method relies on an assumption that proximities 

between nodes would be better estimated by using both graph proximity measures and the weights of existing links in a social network. 

By taking into consideration the weights of links, link prediction performance is improved via previous proximity measures. 

Paper (19) has studied the effect of using weight information when recovering missing edges in a network following the framework of 

(11). The researchers have observed that the application of a Poisson-based model on a binary network does not hamper the structure 

modeling. Using Poisson-based models for weighted networks, and for binary versions of the same networks, they observed that weight 

information did not improve link prediction. They further witnessed that complex and flexible models in general performed better than 

simpler models regardless of the available information (i.e., a fraction of edges treated as missing). When predicting the weights of the 

missing edges, the researchers in the said study saw that complex model overfits to the edges, resulting in a poor recovery of the true 

edge-weight. Also, there are some relevant works about the prediction in the weighted social networks: In (20) the dynamics properties 



of mobile calling patterns and some social characteristics are studied based on a large mobile call duration network where the weights of 

the links are call durations. They found that the stronger ties have lower call duration; the average call duration get shorter when the end 

point of call have more common neighbors; the opinion leaders have shorter call duration and the social balance tends to shorter call 

duration. Based on these facts they proposed a probabilistic model to predict the call duration and they compared their methods with 

some based methods. In (21) an obvious method to infer the tie strength between the users using bipartite event and people network is 

proposed. They modeled the characterizations of functions that could serve as a measure of tie strength. They showed that for the 

applications where the ranking of the tie strength is important, the axioms are equivalent to a natural partial order; and presented that to 

settle on a particular measure, a non-obvious decision about extending this partial order to a total order which is best left to the particular 

application is needed. They evaluated the method and showed the coverage of the axioms through the use of Kendall’s Tau correlation. 

In (22) an unsupervised model to estimate link strength from the interaction activity and the user similarity is proposed. This method is 

based on a link-based latent variable model, along with a coordinate ascent optimization procedure for the inference. The authors used 

Facebook and LinkedIn datasets to evaluate their methods and showed that the proposed method improves the autocorrelation and the 
classification performance. The result of this method is a set of link strengths and so a weighted social network that can be used in link 

prediction tasks. In paper (13), they applied three local similarity indices, Common Neighbor, Adamic-Adar index and Resource 

Allocation index with the consideration of weights. They were surprised to see that the precision of weighted indices turns out even worse 

than their corresponding unweighted versions. These unexpected observations reminded them of Weak Ties Theory which claims that 

links with small weights play yet an important role in social networks. The extensive experimental study has shown that weak ties play a 

significant role in the link prediction problem, and that to emphasize the contribution of weak ties can improve predicting accuracy to a 

high degree. Finally, in (23) they have introduced a new link prediction method called Low Rank (LR) using robust principal component 

analysis. In their method, the adjacency matrix of the target network is decomposed into a low-rank matrix which can be regarded as the 

backbone of network containing the true links and sparse matrix consisting the corrupted or spurious links in the network. Link prediction, 

actually, can be regarded as matrix completion problem from the corrupted or incomplete adjacency matrix. By solving the optimization 

problem, they obtained the low-rank matrix which later on plays a role as score matrix illustrating the possible connectivity between each 

pair of vertices. Then to show that their method can also deal with weighted network, they have compared their method with other 

weighted-based algorithms and showed the superiority of the proposed method. 

III. Weighted Similarity Metrics  
In the present section, we will review the weighted similarity metrics proposed by (13) to estimate the weight of an edge based on the 

weights information in the network. These methods inherit from popular similarity scores such as Common Neighborhood (CN), Jaccard 

Index (JC), Preferential Attachment (PA) and Adamic-Adar (AA). To do this, let Γ(𝑥) be the set of neighbors of node x in the social 

network, |Γ(𝑥)| be the degree (number of neighbors) of node x and w(x, y) be the link weight between nodes x and y. Also, it should be 

noticed that we consider undirected graphs and do not consider self-connections; so, w(x, y) = w(y, x). In the following we review the 

weighted similarity metrics: 

 

1. Common Neighbors (CN) 

The CN measure for unweighted networks is defined as the number of nodes with a direct relationship with both evaluated nodes x and 

y: 

𝐶𝑁(𝑥, 𝑦) = |Γ(𝑥)  ∩ Γ(𝑦)| (1) 

The CN measure is one of the most widely adopted metrics in link prediction, mainly for its simplicity (2). Also, it is intuitive because it 

is expected that a high number of common neighbors make easier future contacts between two nodes. Now to estimate weight based on 

CN measure, the WCN measure is defined as: 

𝑊𝐶𝑁(𝑥, 𝑦) =
∑ w(x, z) +  w(y, z) 

𝑧∈|Γ(𝑥) ∩Γ(𝑦)|

|Γ(𝑥)  ∩ Γ(𝑦)|
 

(2) 

 

2.  Jaccard’s Coefficient (JC) 

The JC measure is well explored in Data Mining. It assumes higher values for pairs of nodes that share a higher proportion of common 

neighbors relative to the total number of neighbors they have. For unweighted networks, the JC measure is defined as (24): 

𝐽𝐶(𝑥, 𝑦) =
|Γ(𝑥)  ∩ Γ(𝑦)|

|Γ(𝑥)  ∪ Γ(𝑦)|
 

(3) 

 

To calculate weight from this similarity metric, the JC coefficient can be extended as: 

𝑊𝐽𝐶(𝑥, 𝑦) =
∑ w(x, z) +  w(y, z) 

𝑧∈|Γ(𝑥) ∩Γ(𝑦)|

∑ w(x, z′) 
𝑧′∈|Γ(𝑥)| + ∑ w(y, z′′) 

𝑧′′∈|Γ(𝑦)|

 
(4) 

 

3.  Preferential Attachment (PA) 



The PA measure assumes that the probability that a new link is created from a node x is proportional to the node degree |Γ(𝑥)| (which 

means the nodes that currently have a high number of relationships tend to create more links in the future). Barabasi (25) and Newman 

(26) have proposed that the probability of a future link between a pair of nodes could be expressed by the product of their number of 

collaborators. For unweighted networks, the PA measure is given by: 

𝑃𝐴(𝑥, 𝑦) = |Γ(𝑥)| ∗ |Γ(𝑦)| (5) 

 

For weighted networks, the PA measure can be extended as: 

𝑊𝑃𝐴(𝑥, 𝑦) = ∑ w(a, x)

 

𝑎∈Γ(𝑥)

∗ ∑ w(b, y)

 

𝑏∈Γ(𝑦)

 
(6) 

 

4. Adamic-Adar Coefficient (AA) 

The AA measure for unweighted networks is defined as: 

𝐴𝐴(𝑥, 𝑦) = ∑
1

log (Γ(𝑧))

 

𝑧∈Γ(𝑥) ∩Γ(𝑦)
 

(7) 

Adamic and Adar (27) formulated this metric related to Jaccard’s coefficient. It defines a higher importance to the common neighbors 

which have fewer neighbors. Hence, it measures the relationship between a common neighbor and the evaluated pair of nodes. The AA 

measure is extended for weighted networks as: 

𝑊𝐴𝐴(𝑥, 𝑦) = ∑
w(x, z) +  w(y, z)

log (1 + ∑ w(z, c) 
𝑐∈|Γ(𝑧)| )

 

𝑧∈Γ(𝑥) ∩Γ(𝑦)
 

(8) 

 

IV. Learning Automata 
Learning automata (LA) are a type of decision-making units that try to learn the optimal action from the set of possible actions by 

interaction with an unknown stochastic environment (28) (29). In each iteration, the LA selects an action from its action probability 

distribution and sends it to the random environment (30) (31) (32). The random environment evaluates the selected action and generates 

a stochastic response to the LA. This stochastic response is called reinforcement signal. Then the LA updates its action probability 

distribution using the reinforcement signal and a learning algorithm. This tool has many applications in different areas such as 

optimization tasks (33) (34), capacity assignment problems (35) (36) (37), graph problems (38) (39) (40), artificial intelligence (41)0020 

(42) (43), social area (44) (45) (46) and other applications (47) (48) (49) (50).  

In learning automata the environment can be described by a triple E = {α, β, c} where α = {α1, α2, … , αr} denotes the finite set of possible 

actions for each learning automata, β = {β1, β2, … , βm} represents the set of values that can be taken by the reinforcement signal, and 

c = {c1, c2, … , cr} represents the set of penalty probabilities, where ci is associated with the given action αi. Based on the penalty 

probabilities of the environment are constant or varied with time, the random environment is called stationary environment and non-

stationary environment, respectively.  

Also, the random environment based on its possible values could be classified into three classes: P-, Q-, and S-model environments. The 

reinforcement signal in P-model environments has only two values {0, 1} while in Q-model is bounded in the interval [0,1] and in S-

model environments, it is generated from a continuous random variable.  

The LA based on its possible actions can be partitioned into two main classes: FALA and CALA (14). In FALA, the action set is finite 

and the action probability distribution of a FALA with r actions is defined by an r-dimensional probability distribution. In contrast, in 

CALA the possible actions is a set of real values and CALA uses a probability distribution function to display its actions probability. The 

relationship between the learning automata and its random environment has been shown in Figure 1. In the following of this section, we 

introduce the CALA that is used in this paper: 

 
Figure 1. The relationship between a learning automata and its random environment 

 

In  (33), a CALA is given, in which the action probability distribution at instant n is a normal distribution with mean 𝜇𝑛 and standard 

deviation 𝜎𝑛. At each instant, the CALA choose an action according to its probability distribution function and updates its action 



probability distribution using the reinforcement signal that is generated from the environment by updating 𝜇𝑛 and 𝜎𝑛. Since CALA has 

no knowledge of the reinforcement signal 𝛽(. ), the objective of automata is to identify the optimal action, which results in the minimum 

value of 𝛽(. ). This is achieved by the learning algorithm that updates the action probability distribution using the reinforcement signal 

that is sent from the random environment. The general learning algorithm of CALA is described as follows: 

Consider a function 𝑓: ℜ → ℜ, such that only noisy values of f(𝛼) are available for measurement of any 𝛼. Noisy values also correspond 

to 𝛽(𝛼) and we have 𝑓(𝛼) = [𝛽(𝛼)|𝛼]. Hence the optimal action of the CALA is an 𝛼 that minimizes 𝑓(𝛼) and [𝛽(𝛼)|𝛼]. To do this at 

instance k, the CALA chooses action 𝛼𝑘 according to the normal distribution N(𝜇𝑘, 𝜎𝑘). Then the CALA obtains two responses from the 

environment for two action 𝜇𝑘and 𝛼𝑘. Let these reinforcement signals be 𝛽𝜇𝑘
, 𝛽𝛼𝑘

, respectively. Then 𝜇𝑘 and 𝜎𝑘 are updated according 

to the following equations: 

𝜇𝑘+1 = 𝜇𝑘 + 𝜆
𝛽𝛼𝑘

−  𝛽𝜇𝑘

𝜙(𝜎𝑘)

𝛼𝑘 −  𝜇𝑘

𝜙(𝜎𝑘)
 

𝜎𝑘+1 = 𝜎𝑘 + 𝜆
𝛽𝛼𝑘

−  𝛽𝜇𝑘

𝜙(𝜎𝑘)
[(

𝛼𝑘 − 𝜇𝑘

𝜙(𝜎𝑘)
)

2

− 1] − 𝜆𝐾(𝜎𝑘 − 𝜎𝐿) 

(11) 

 

(12) 

 

where 

𝜙(𝜎) = {
𝜎𝐿 𝑓𝑜𝑟 𝜎 ≤ 𝜎𝐿

𝜎 𝑓𝑜𝑟 𝜎 > 𝜎𝐿 > 0 
 

(13) 

 

And λ is the learning parameter for controlling step size 0 < 𝜆 < 1, K is a large positive constant and σL is the lower bound on σ. The 

iteration continue until μk does not change appreciably and σk is close to σL.  

The idea behind the updating rule given by (1) and (2) is as following: If σk get ‘better’ response from the environment, then μk move 

towards αk. Otherwise, it is moved away from αk. For updating σk, whenever an action αk is away from μk by more than one standard 

deviation and it improves the reinforcement signal or when the action selection within one standard deviation from the current mean is 

worse, we increase the variance; otherwise we decrease it. 

 

V. The Proposed Weighted Link Prediction  
 

This section describes the proposed algorithm, CALA-WLP, for weighted link prediction problem based on learning automata. Within 

the proposed method, there is one CALA for each link that must be predicted. Each CALA attempts to learn the true weight of the 

corresponding link according to the links weight information in the current network. To do so, we partition the network links in two sets: 

the training set that we use for training CALAs, and the test set which has to be predicted. In each iteration of the proposed algorithm, 

each CALA chooses a weight as its action. After all the CALAs choose their actions, we will have a weighed network of the test links. 

We now use these weights to calculate the weights of k percentage links of training set using one of the scores that are introduced in the 

previous sections. In the proposed algorithm we choose k percentage links of the training set using a random order. After calculating the 

weights of the training set, we will generate a reinforcement signal to each CALA based on its influence on the true weight estimation of 

the training set. Here, each CALA updates its action probability distribution according to its reinforcement signal. This procedure is 

repeated until the action of each CALA converges to some value, which is used as the weight of the test link. Finally, we sort the test 

links based on their respective weights and predict the existence or lack of each test link based on its weights. The obtained weights of 

test links are really the influence of each test link in the true reconstruction of the original weighted network. Contrary to other weighted 

link predictions some of which show that the links with higher weights are important in the final prediction and some show that the links 

with lower weights are important, the method hereby proposed is independent of whether higher or lower weights in the network are 

important. That is because it tries to estimate the influence of each test link to reconstruct the original weighted social network. Our 

preliminary results from link prediction on some co-authorship and email networks proved satisfactory when weights were considered. 

The experiments demonstrate that the performance of the link prediction in the weighted social network is better than that in a social 

network without weights. In the rest of this section, we will first describe the main procedure of the proposed algorithm and then provide 

an example of the proposed method.  

1. Main Procedure 

As we said before, for each test link in the proposed algorithm there is one CALA and each 𝐶𝐴𝐿𝐴𝑗 tries to find the optimal action through 

a normal distribution 𝑁𝑗(𝜇, 𝜎). In each iteration k of the proposed algorithm, in the action selection step, each 𝐶𝐴𝐿𝐴𝑗 chooses its action 

based on its normal distribution, 𝑁𝑗(𝜇𝑘, 𝜎𝑘). Action 𝛼𝑗 is used as the weight of the corresponding link in the network. After actions 

selection phase, the actions are evaluated and each CALA updates its probability distribution according to some reinforcement signals. 

Now, in order to generate the reinforcement signal to CALAj in iteration k, we calculate two reinforcement signals: one is for the chosen 

action αj(k), βαj
(k), and the other is for the mean parameter μj(k),βμj

(k).  To do so, we have a weighted network that is created according 



to the chosen action of CALAs. Also, we have a training set which is a set of real links with some weight value. Now, we use the weight 

information of test set to calculate the weight of k percentage of real links in training set using one of the scores that are introduced in the 

previous sections, such as: WCN, WJC, WPA. The percentage of training links that we use them for the weight estimation is considered 

as a parameter and it is studied in the experiment section. The final reinforcement signals for each CALAj are calculated according to the 

following equations: 

βαj
(k) = ∑(𝑤′

𝑙(αj(k), α−j(k))) − 𝑤𝑙)

𝑖

𝑙=0

 
(14) 

β𝜇j
(k) = ∑(𝑤′

𝑙(𝜇j(k), α−j(k))) − 𝑤𝑙)

𝑖

𝑙=0

 
(15) 

 

Where i is the number of real links whose weights we calculate, and w′
l(αj(k), α−j(k)) is the estimated weight of link l that is calculated 

with reference to the chosen action of CALAj in addition to the chosen action of other CALAs, α−j(k). Also, w′
l(μj(k), α−j(k)) is the 

estimated weight of link l by using the current mean of CALAj, μj(k), in addition to the chosen action of other CALAs, α−j(k). Finally 

wj is the real weight of link j. Now, each CALAj updates its μj(k), 𝜎𝑗(𝑘) based on βαj
(k), β𝜇j

(k) according to equation (11), (12). In 

other words, in each iteration, each CALA chooses its action. These actions are evaluated based on a training set in terms of reinforcement 

signal, and the parameters of each CALA are updated by using the reinforcement signal. The procedure is repeated until the value of each 

CALA converges to some value.  

After running the training phase, the test phase will generate the final output prediction of the proposed algorithm. To do that, we sort the 

test links based on the estimated weights and also use a threshold to classify the test links into two groups: existence links and non-

existence links. The diagram of the proposed link prediction method is present in figure 2. 

 



Figure 2. Diagram of the Proposed Link Prediction Method 

2. Example 

In this sub-section we give an example of the proposed link prediction on a weighted network: Consider figure 3: Sub-figure (a) shows a 

weighted network with each link has a weight value. Sub-figure (b) shows the possible test links in the network and their CALA 

parameters. As we mentioned in the previous section, for each test link we have a CALA, with a normal distribution as its parameter. 

Then each CALA chooses an action based on its normal distribution. The chosen actions of CALAs are shown is sub-figure (c). Now we 

have a new weighted network which we use to estimate the weight of original links based on some weight scores such as WCN, WJC, or 

WRA. Sub-figure (d) shows the weights of original links that are calculated based on some similarity metric. Sub-figure (e) also shows 

that each CALA updates its normal distribution based on its influence on the true weight estimation of the original network. Then each 

CALA chooses an action again such as sub-figure (c) illustrates, and the procedure is repeated until the action of each CALA converges 

to some value as shown in (f). Then we sort the test links based on their weights and predict the existence or not the existence of each 

test link based on its weights as it shown in figure (g). 

 

 

Figure 3. An Example of the Proposed Weighted Link Prediction Method 

 

VI. Experiment Results 
Here, some computer experiments have been conducted to test the proposed algorithm in terms of performance and accuracy. In these 

experiments, we use the quality of solutions as well as the convergence rate of the proposed algorithm as criteria for performance. In the 

rest of this section, we will first present the data set we used in our experiments, and then give a set of experiments. 

1. Data Set 

In this sub-section, we describe the social network's data used in our experiments. For the experiments developed in this work, we consider 

the following two groups of networks: 

 Co-authorship Networks: A type of social network in which the nodes represent the authors and two authors are connected if 

they have collaborated on a paper. Collaboration network is often used to understand the topology and dynamics of complex networks. 

In this study, we have adopted three co-authorship networks from three sections of Arxiv1 and extracted data from the years 1993 to 2003 
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for all the data sets. The first network is composed by authors that collaborated in theoretical high-energy physics2 (hep-th). The second 

network is formed by authors who published papers in the high-energy physics3 (hep-ph) and the third is sampled from collaboration in 

Astro Physics4 (Astro-ph). In these data sets, if author i co-authored a paper with author j, the graph contains an undirected edge from i 

to j. If the paper is co-authored by k authors, this generates a completely connected (sub) graph on k nodes. 

 Email Communication Networks: A type of social network whose nodes are email addresses and if an address i sends at least 

one email to address j, the graph contains an undirected edge from i to j. In our experiment, we use two email communication data sets: 

Enron email communication network5 and Eu-All email communication network6. Enron email communication network includes a data 

set around half million emails that are public according to the Federal Energy Regulatory Commission and we extract data from May 

1999 through May 2002 (36 months). Also, Eu-All email communication network was extracted using email data from a large European 

research institution and we extracted data from October 2003 to May 2005 (18 months). The network specification of each data set is 

presented in Table 1. Since these networks are highly sparse, to make computation feasible we have reduced the number of candidate 

pairs by choosing only the ones that have at least two connections on the network. 

 
Table 1. Network Size in terms of Nodes and Edges 

Data Set Nodes Edges Description 

Hep-th 9,877 51,971 Collaboration network of 

Arxiv High Energy Physics 
Theory 

Hep-ph 12,008 237,010 Collaboration network of 
Arxiv High Energy Physics 

Astro-ph 18,772 396,160 Collaboration network of 
Arxiv Astro Physics 

Email-Enron 
36,692 367,662 Email communication 

network from Enron 

Email-EuAll 265,214 420,045 Email network from a EU 
research institution 

 

Now to create a weighted network using these social networks we use the following strategy: Build a weighted version of the network in 

which each link between a pair of nodes is weighted by the total number of occurred events between the two corresponding nodes. 

2. Evaluation Metrics 

This sub-section introduces the two common evaluation metrics that we use in our experiments: 

1. AUC Metric (51): If we rank the entire non-existent links according to their scores, the AUC metric can be interpreted as the 

probability that a random missing link has a higher score than a random non-existent link. In the algorithmic implementation, at 

each time we usually pick a missing link and a nonexistent link in a random fashion and compare their scores. If among n 

independent comparisons there are n′ times when missing links have a higher score and n" times when they have the same score, 

the AUC value is: 

AUC =
n′ + 0.5n"

n
 

(21) 

If the AUC has a value greater than 0.5, it is better than the random link prediction algorithm; and the farther from 0.5, the more 

accurate the algorithm. 

2. Precision (51): If we predict L links to be connected and Lr links from L links are right, the Precision is defined as: 

Precision =
Lr

L
 

(22) 
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Clearly, higher precision means higher prediction accuracy. 

3. Experiment 1 

This experiment evaluates the proposed CALA-WLP accuracy. To do so, for collaboration networks (Hep-th, Hep-ph and Astro-ph), we 

consider the data from 1993 to 2002 as the training data (each year as a time period) and year 2003 as test data. Also for email networks 

(Enron and EuAll), we consider the first 70% available months as the training data (each month as a time period) and the 30% remaining 

months as the test data. For all conducted experiments, the initial parameters of each CALA-WLP j, (μ0(j), σ0(j)) are chosen randomly, 

parameter λ is set to 0.005, k is set to 70% and σL is set to 10−3. Also, we run the proposed algorithm with different similarity metrics 

(CN, JI, AA, PA) which were described in previous sections. So, we call the proposed algorithm CALA-WLP-XX if the proposed 

algorithm uses similarity metric XX in its procedure. In order to improve the comparison of the proposed algorithm, we choose a set of 

algorithms in three categories:  

1) Similarity-based algorithms: this group of algorithms contains a set of common similarity metrics such as CN, Jaccard, PA, AA, 

Katz and LP (51). In KATZ metric, a similarity is defined as the sum of paths with different lengths such that shorter paths have 

greater weights. Also, the LP index is a restricted version of Katz metric that only considers paths in lengths 1 and 2. For more i

nformation about other similarity metrics please refer to Liben-Nowell and Kleinberg (1). 

2) Supervised algorithms: in this group of algorithms, we choose Interaction Prediction (IP) (52), CMA-ES (53), Neighbor Commu

nities (NC) (54), and Likelihood based Link Prediction (LLP) (55) algorithms. IP predicts future interactions through combining 

dynamic social networks analysis, time series forecast, feature selection such as similarity metrics, as well as network communit

y structure (52). CMA-ES uses Covariance Matrix Adaptation Evolution Strategy (CMA-ES) to optimize weights which are use

d in a linear combination of sixteen neighborhood and node similarity indices (53). The LLP method uses a framework where a 

network’s probability is calculated according to a predefined structural Hamiltonian, and a non-observed link is scored by the co

nditional probability of adding the link to the observed network. Finally, the NC method proposes a network-structural similarit

y index and a link prediction method based on the neighbor communities using the probabilities of the possible situations in whi

ch the two nodes are linked to the same community. 

3) Weighted link prediction algorithms: in this group of algorithms two weighted algorithms, Sup-WLP (18) and Weak-WLP (13), 

and LR (23) are chosen to be compared with the proposed algorithm.  

The parameters of the used algorithms are borrowed from their references. Tables 2 and 3 present the average AUC and precision scores 

based on the 10-fold cross-validation method, respectively. The results reported here (tables 2 and 3) demonstrate that the proposed 

CALA-WLP-XX is able to achieve an AUC and Precision measures that are significantly better than the XX method which does not 

consider weights. Also, the results are better than Katz, LP. So, we can conclude that the proposed algorithm outperforms all considered 

static methods which do not consider weights. Also, in comparison to the IP, CMA-ES, LLP, and NC, we see that the proposed algorithm 

achieves a better result in AUC and precision measures. Therefore, we also conclude that CALA-WLP is superior to recent unweighted 

link prediction algorithms and does not do worse than other recent them. Finally, from the result reported here we can see that the 

proposed algorithm quite better in AUC and precision measures than Sup-WLP and Weak-WLP which use the weight information of the 

social graph. These results show that CALA-WLP does not depend on whether strong links or weak links are important. Also the proposed 

method is superior to the LR method because it directly tries to use the weight information as an important information in the networks 

comparing to the LR method. So, the results of CALA-WLP suggest that the prediction is better with consideration of weight information 

in the prediction task using our policy. 

Table 2. AUC Measures of Proposed CALA-WLP and other Link Prediction Methods 

Method/Data Set Hep-th Hep-ph Astro-ph Enron EuAll 

CN 0.7945 0.7025 0.6791 0.8123 0.6643 

Salton 0.7850 0.6854 0.6441 0.8087 0.6285 

Jaccard  0.6438 0.6026 0.5719 0.7010 0.6259 

PA 0.6400 0.6101 0.5574 0.6743 0.6049 

AA 0.7562 0.7109 0.6840 0.8045 0.6097 

Katz 0.8487 0.8611 0.7486 0.8896 0.7008 

LP 0.8305 0.8128 0.7115 0.8542 0.6905 

IP 0.8525 0.8548 0.7328 0.8836 0.7376 

CMA-ES 0.8462 0.8501 0.7241 0.8601 0.7243 

LLP 0.8759 0.8549 0.7798 0.8851 0.7721 

NC 0.8421 0.8247 0.7415 0.8497 0.7084 

LR 0.9145 08678 0.7814 0.8927 0.7641 

Sup-WLP-CN 0.8502 0.8541 0.7701 0.6317 0.6162 



Weak-WLP-CN 0.6723 0.5536 0.6412 0.8212 0.7315 

CALA-WLP-CN 0.9215 0.8719 0.7847 0.9023 0.7761 

Sup-WLP-JI 0.8461 0.8270 0.7503 0.6032 0.5843 

Weak-WLP-JI 0.6723 0.5536 0.6412 0.8212 0.7315 
CALA-WLP-JI 0.9042 0.8562 0.7602 0.8839 0.7593 

Sup-WLP-PA 0.8637 0.8431 0.7699 0.6310 0.6134 

Weak-WLP-PA 0.6661 0.5481 0.6400 0.8021 0.7142 

CALA-WLP-PA 0.9301 0.8756 0.7900 0.9139 0.7803 

Sup-WLP-AA 0.8315 0.8194 0.7465 0.6023 0.5731 

Weak-WLP-AA 0.6502 0.5391 0.6286 0.8016 0.7072 

CALA-WLP-AA 0.8992 0.8432 0.7493 0.8497 0.7396 

 
Table 3. Precision Measures of Proposed CALA-WLP and other Link Prediction Methods 

Method/Data Set Hep-th Hep-ph Astro-ph Enron EuAll 

CN 0.5421 0.4532 0.4291 0.5620 0.4196 

Salton 0.5395 0.4260 0.4021 0.5582 0.3758 

Jaccard  0.4856 0.3690 0.3620 0.4529 0.3795 

PA 0.4821 0.3699 0.3052 0.4283 0.3593 

AA 0.5027 0.4549 0.4503 0.5598 0.3500 

Katz 0.6135 0.6296 0.5049 0.6473 0.4503 

LP 0.5703 0.5831 0.4611 0.6184 0.4319 

IP 0.5853 0.6086 0.5025 0.6204 0.4702 

CMA-ES 0.6032 0.6140 0.5000 0.6360 0.4821 

LLP 0.6051 0.5941 0.5081 0.6647 0.6475 

NC 0.5694 0.4972 0.4595 0.6175 0.4589 

LR 0.6071 0.6051 0.5147 0.6718 0.6500 

Sup-WLP-CN 0.5732 0.5631 0.4392 0.4293 0.5039 

Weak-WLP-CN 0.4250 0.4004 0.3930 0.6103 0.6294 
CALA-WLP-CN 0.6246 0.6176 0.5594 0.7049 0.6792 

Sup-WLP-JI 0.5995 0.5794 0.4703 0.4013 0.4849 

Weak-WLP-JI 0.5013 0.4829 0.4103 0.6305 0.6375 

CALA-WLP-JI 0.6042 0.5934 0.5692 0.6893 0.6485 

Sup-WLP-PA 0.5737 0.3951 0.3492 0.4509 0.5195 

Weak-WLP-PA 0.4258 0.3905 0.3602 0.6059 0.6199 

CALA-WLP-PA 0.6399 0.6298 0.5703 0.7194 0.6894 

Sup-WLP-AA 0.6016 0.5896 0.4893 0.4054 0.5023 

Weak-WLP-AA 0.4193 0.3902 0.4294 0.6025 0.6312 
CALA-WLP-AA 0.6185 0.6032 0.5603 0.6394 0.6325 

 

 

4. Experiment 2 

In this experiment, we compare the topological features of the predicted network which is obtained from prediction result with the original 

social network. The predicted network is a network n random predicted edges, where n is the number of edges in the original network. 

So it has the same number of edges as the original network. So, the goal of this experiment is to compare the topological features of the 

original network such as the number of connected components, efficiency, and clustering coefficient with the predicted network. If the 

values of these features in both the original and predicted network are similar, we can conclude that the proposed algorithm works well. 

For each dataset, we test this experiment on its largest connected component. Table 4 summarizes the topological features of the original 

and predicted network for the largest component of the used data sets. In the Table4 NUMCX is the number of the connected components 

in network X and the size of the largest one. For example, 1222/2 means that this network has 2 connected components and the largest 

one contains1222 nodes. In this table, eX is the efficiency of the network X, CX is clustering coefficient and KX is the average degree of 

the network. From the obtained result we can see that the topological features in the original network and the predicted network are 

approximately similar which confirms the efficiency of the proposed algorithm. Also, from the results of the previous section and the 

reported topological features of the original network, we can conclude that the proposed algorithm does better in the networks with higher 

cluster coefficient and higher average degree. 

 

Table 4. The result of topological features in the original network and predicted network 



Feature/Data Set Hep-th Hep-ph Astro-ph Enron EuAll 

NumCOriginal 4042/1 7031/1 9032/1 14704/1 18046/1 

NumCPredicted 3703/1 6260/1 7901/1 11651/1 13893/1 

EOriginal 0.185 0.131 0.115 0.073 0.054 

EPredicted 0.151 0.102 0.084 0.042 0.025 

COrginal 0.764 0.683 0.581 0.236 0.145 

CPredicted 0.734 0.654 0.552 0.204 0.101 

KOrginal 4.247 4.021 2.538 2.531 1.032 

KPredicted 3.521 3.184 2.128 2.035 0.912 

 

5. Experiment 3 

In this experiment, we study the method that we choose k percentage of training links in the learning phase. To choose k links there are 

three suggested methods: 

1. Using k percentage training links using random order 

2. Using k percentage training links with the lowest weights 

3. Using k percentage training links with the highest weights 

In table 5 we compare CALA-WLP AUC measure using three selection methods, where the reported value is the mean of CALA-WLP-

XX for all four used similarity metrics. From the results reported here, we can conclude that random selection is the best method where 

we don’t have any special information whether lower or higher weights are important for the prediction task. 

Table 5. The comparison of selection methods on the performance of the CALA-WLP 

Method/Data Set Hep-th Hep-ph Astro-ph Enron EuAll 

CALA-WLP Random 0.9201 0.8628 0.7620 0.8934 0.7689 

CALA-WLP Ascending 0.7263 0.7598 0.6351 0.7388 0.6101 

CALA-WLP Descending 0.7361 0.7001 0.6624 0.6843 0.6390 

6. Experiment 4 

This experiment compares the impact of parameter k which determines the percentage of training links that are chosen for CALAs 

evaluation. To do this, parameter k is varied from the set  {35%, 70%, 100%} and the performance of the proposed algorithm is 

calculated for the Hep-th data set. Figure 4 presents the results of this experiment. This figure shows that the best value of parameter k 

is about70%; because when we choose a small amount of training set, the proposed method underfits data and results in poor accuracy. 

Also, when we use all training sets of the social network, the proposed method overfits data and now again results in low accuracy. So 

the best choice for parameter k is about 70%. 

 

Figure 4. Study of parameter k on the CALA-WLP 

7. Experiment 5 
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This experiment tries to improve the convergence rate of the proposed method using defining CALA state as the following: each CALA 

has two states, On the state and Off state. In On state, the CALA chooses an action and updates its action probability. The On state 

describes that the corresponding CALA mean is not good enough and it must choose action again; but in Off state, the CALA does not 

perform any operation of choosing an action and updating its probability distribution because the mean of CALA is good enough and 

there is no need to perform the learning phase repeatedly. To transfer this idea to the proposed algorithm, we use the following procedure: 

in the beginning of the proposed algorithm the state of each CALA is set to On and so all CALA perform learning phase. After generating 

reinforcement signals for each CALA, we normalize the βμj
(k) signals for each CALAj. Now if βμj

(k) for CALAj is larger than 0.9 and 

βμj
(k) > βαj

(k), we set the state of CALAk to Off and choose the mean parameter value of the CALAk as its action forever. This means 

that CALAj has a higher reinforcement signal for its mean in comparison to the chosen actionαj and overall the mean reinforcement 

signal is good in comparison to all CALAs in the network. So we assume this CALA is converged to its mean.To do this, we compare 

the performance of proposed algorithm on Hep-th data set with and without suggested procedure. Figure 5. presents the results of this 

experiment. This figure shows that the final accuracy of the proposed algorithm does not change overall; only if we use the mentioned 

procedure, we have a faster convergence rate in comparison to not using the mentioned procedure. 

 
Figure 5. Study of using fast convergence plan 

 

VII. Conclusion 
This paper presents a new weighted link prediction method which uses learning automata to predict the occurrence or non-occurrence of 

each link using the weight information of the current network. This research uses continuous action set learning automata as a means to 

learn the optimal weight of each test link. In the proposed method, there is one CALA for each test link that must be predicted and each 

CALA tries to learn the true weight of the corresponding link based on the weight information in the current network. All learning 

automata iteratively choose the weight of their corresponding link as their action. The set of learning automata actions is used to calculate 

the weight of training set. Each learning automata is rewarded or punished according to its influence on the true weight estimating of the 

training set. The final prediction is performed based on the estimated weights. The experimental results reported here show that the 

proposed algorithm is superior to other link prediction methods. 
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